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GENERAL INTRODUCTION 
An Explanation of the Dissertation Organization 
This dissertation is written in two parts, Paper I and Paper II. Each paper is 
formatted as a complete report, with relevant introduction and references. The style 
for each paper (particularly for citing references) is different, as required for intended 
publications in different technical journals. A general introduction to a wider issue 
of ultrasonic tissue characterization is given in this chapter and a general summary 
follows the completion of the second paper. 
The first paper presents the work on tissue mimicking phantoms for ultrasonic 
imaging purposes. We intend to report this work in an appropriate technical con­
ference or journal. The second paper presents the results on ultrasonic beef grading 
research. Some of these results were presented at the Annual 1992 Fall Meeting of 
the Biomedical Engineering Society (at Salt Lake City, Utah; October 16 - 19, 1992). 
An additional work, combining a part of this project and an application of artificial 
neural network for ultrasonic tissue characterization, was undertaken with colleagues 
and was presented at the Institute of Electrical and Electronic Engineers (IEEE) 1992 
Nuclear Science Symposium and Medical Imaging Conference (at Orlando, Florida; 
October 25 - 31, 1992). A paper to be published in the proceedings of the IEEE 
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conference is included in the Appendix at the end of the dissertation. 
Background and Motivation 
Ultrasound applications to the fields of medicine, agriculture, and food are rela­
tively recent developments which parallel rapid growth in electronic and signal pro­
cessing technologies. In the last few decades, ultrasonic techniques have become an 
integral part of diagnostic imaging. Ultrasound imaging techniques non-invasively 
obtain information about size and structure of the tissues and functions of the or­
gans of the body. The interactions of transmitted ultrasound with tissue structures 
give rise to inforniation which can be visually displayed. This information is therefore 
directly related to acoustic properties of the tissues and is essentially different from 
that supplied by other diagnostic tools such as X-ray or isotope imaging. Because 
of its marked superiority (particularly for safety, size and cost) over x-ray for soft-
tissue visualization, ultrasonography is rapidly supplementing, and in some instances, 
replacing x-ray for soft-tissue visualization. Many applications in obstetrics, gyne­
cology, hepatic, breast, cardiac, renal, pancreatic, neurological, and vascular imaging 
are now standard. Work is in progress to apply improvements in resolution and tis­
sue differentiation to ultrasonic images, and even to find parameters for pathology 
differentiation. 
Ultrasonic tissue characterization involves determination of propagation charac­
teristics of ultrasonic energy in the tissues. In recent years, many ultrasonic param­
eters have been found to have potential for tissue characterization. These include 
velocity, attenuation, and scattering. Advanced signal processing and pattern recog­
nition techniques are applied to extract information about particular parameters. 
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For example, attenuation has been found to have potential for characterizing tissues 
because tissues differ in their attenuation values for ultrasound. This might be used 
to differentiate the tissues, to diagnose various pathologies, or to improve ultrasonic 
images. In the meat industry, this could be applied to differentiate (and ultimately, to 
grade) meat samples with varying content and distribution of fat and muscle tissues. 
The purpose of a part of this research was to develop soft-tissue mimicking 
materials for ultrasonic imaging research and system calibration. This project is 
described in the first paper. Also, as a part of a project on ultrasonic meat quality 
grading, several beef rib-eye muscle samples were scanned and analyzed for tissue 
characterization. Recent encouraging results of this project are presented in the 
second paper. 
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PAPER I. 
DESIGN OF GELATIN-BASED TISSUE-MIMICKING MATERIAL 
FOR ULTRASONIC EXPERIMENTS AND SYSTEM CALIBRATION 
5 
INTRODUCTION 
The system calibration and standardization in the field of diagnostic ultrasound 
started with use of test objects. Simple arrangements of rods (or wires), in a liq­
uid with speed of sound within the range for soft tissues but without absorption or 
scattering of ultrasound, were used to assess the depth-, focus-, and gain-calibration. 
During late 1980's, interest was developed for the materials which closely mimic 
the soft tissues for ultrasonic properties (of pulse-echo system). Since then, there has 
been good progress in development of tissue-mimicking materials (TM-materials) and 
phantoms (TM-phantoms)^. The uses of these materials are: (1) as advanced test 
objects for carrying out performance checks of transducers and pulse-echo systems 
(including gray-scale systems), (2) as training phantoms for use by novice (student) 
technologists, and (3) as standard reference materials for researchers to aid in devel­
oping new methods of measurements and comparing them with the existing ones. 
Out of several methods of producing soft-tissue mimicking materials, the ones 
employing agar and gelatin have enjoyed much attention and success. The research 
group at the university of Wisconsin developed water-based gels with additional ma-
^ Throughout this paper, the term TM-material is used to describe the material 
with certain ultrasonic properties (velocity,- attenuation, and backscatter) close to 
that of soft tissues. The term TM-phantom is used to describe a multi-layer or 
multi-component object, mimicking an organ or a region of the body, constructed by 
combining several types of TM-materials. 
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tenais to control ultrasonic attenuation and scattering (Madsen et al., 1978, 1982a, 
and 1982b). Although these materials received much attention, the recipe or the 
method of producing such materials with given ultrasonic properties (velocity, fre­
quency dependent attenuation, and scattering) was not available in the literature in 
a straight forward manner. 
The purpose of this research was to develop a scheme of making the soft-tissue 
mimicking materials with the desired ultrasonic properties mentioned above. Apart 
from suitably modifying the technique of constructing gelatin-based materials as sug­
gested by Madsen et al., the purpose was to construct several such materials with 
different proportions/combinations of ingredients and then statistically deriving a 
model or scheme for predictable ultrasonic properties. An expected outcome of this 
research was a recipe or method of combining several simple materials so that the re­
sultant product would mimic the density and selected ultrasonic properties (velocity, 
attenuation, and backscatter) of the soft-tissues. As an application to the ultrasonic 
beef grading project at Iowa State University, an ultimate goal would be to make 
TM-phantoms which would ultrasonically mimic different grades of fat marbling in 
the beef muscles with simulated layers of hide and subcutaneous tissues. 
To accomplish these objectives, the research was planned as follows. 
e Develop the technique of producing gel-based materials for ultrasonic measure­
ments. 
• Develop the tools for data-acquisition and precise measurements of ultrasonic 
velocity, attenuation and backscatter. 
• Select the materials which would give the best results in terms of (chemical, 
mechanical, and temporal) stability. 
• With appropriate experimental design, construct several TM-materials based 
i 
on the results of preliminary experiments and precisely measure their ultrasonic 
properties of interest. 
• Statistically analyze the results to develop a scheme that would provide a 
method of developing such materials with predictable ultrasonic properties. 
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LITERATURE REVIEW 
The calibration of an ultrasonic imaging system is very crucial for assuming 
consistent quality. Goldstein (1980) defines the quality assurance in a diagnostic 
ultrasound clinic as follows. 
A proper quality assurance program in a diagnostic ultrasound clinic is 
defined as all procedures necessary to maintain proper and consistent 
equipment operation. The end result of a clinical examination is an ul­
trasound image (sonogram). The patient information contained in this 
ultrasound image must be maximized and consistent from examination to 
examination. It is the function of the quality assurance program to keep 
the diagnostic quality of the ultrasound image at a consistent high level. 
Performance measurements of pulse-echo equipment may go considerably beyond 
simple tests. Acceptance tests (if not routine performance tests) of an ultrasonic 
scanner should include the following parameters (Zagzebski, 1980; Zagzebski and 
Madsen, 1980): 
• Frequency and bandwidth 
® Calibration of gain controls 
• System sensitivity and noise level 
9 Geometric accuracy 
• Resolution characteristics 
• Gray-scale and A-mode displays of relative echo signal amplitude 
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« Definition and accuracy of the imaging plane 
The TM-phantoms are essential tools for the quality assurance of an imaging sys­
tem and for standardization of research efforts in ultrasound tissue characterization. 
They provide a realistic medium for routine performance testing of quantitative and 
qualitative ultrasonic imaging systems. Some uses of the TM-phantoms are listed 
below. 
1. Equipment performance can be assessed under imaging conditions which closely 
simulate an actual clinical or field condition. 
2. TM-phantoms with proper anatomical detail within an anthropomorphic sec­
tion can be used for training ultrasonographers. 
3. Well characterized geometries in the TM-phantom can be beneficial for studying 
sources of significant image features and artifacts on echograms. 
4. TM-phantoms can be employed in assessing performance of the tissue charac­
terization schemes, algorithms, and related systems. 
5. TM-phantoms could also provide an insight into the mechanisms of sound beam 
and tissue interactions, since properly constructed phantoms represent an entity 
wherein the ultrasonic properties are known at all points in space, contrary to 
the case for the tissues. 
6. For certain applications, e.g., tissue differentiation based upon scatterer prop­
erties, TM-phantoms could be used for de .eloping a statistical/mathematical 
model or for training an artificial neural network (or other pattern recognition) 
algorithm. 
An ideal material for constructing ultrasound phantoms should have ranges of 
density, ultrasonic velocity, attenuation and scattering comparable to those of the 
soft tissues. These parameters should be controllable in the manufacturing process 
and their variation within the ranges of room and body temperatures should be small. 
Also, the material should exhibit temporal stability including chemical stability and 
biological stability (i.e., no support for microbiological activity). 
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An average speed of sound in mammalian soft tissues is 1540 m/s. The speed 
varies over a small range from 1470 m/s in fat to 1570 m/s in liver and 1600 m/s 
along the direction of the fibers in muscle (Wells, 1977; Christensen, 1988). 
Amphtude attenuation coefficients of the soft tissues appear to vary over the 
range from 0.4 dB/cm to about 2 dB/cm at a frequency of 1 MHz (Goss et al., 
1978 and 1980; .Johnston et al., 1979). In general, the attenuation coefficient is 
approximately proportional to the ultrasonic frequency. 
The backscatter coefficient is the term used to describe the differential scattering 
cross section per unit volume at 180 degrees (Sigelmann and Reid, 197.3). An ideal 
TM-phantom should simulate this property as functions of the scattering angle and 
the ultrasonic frequency, but unfortunately they are difficult to achieve in practice. 
The backscattered signal provides important clues to the average size and distribution 
of the scatterers. 
Several materials have been tried for making TM-phantoms. In the early 1980's 
when researchers first made experimental TM-materials, only velocity and attenua­
tion properties were considered. More recently, frequency dependence of the attenu­
ation and backscattering (Madsen et al., 1982a) and anisotropic properties (e.g., for 
myocardium, Mottley, 1990) has been tried for a closer approximation to the soft tis­
sues. The so-called anthropomorphic phantoms have also been introduced to closely 
simulate the ultrasonic properties of each layer/section of an organ or a region in 
question. The materials tried for the TM-phantoms include silastics, plastics, water-
based gels (gelatin, alginic acid and agarose) and urethane polymer (Zagzebski and 
Madsen, 1980). 
Water-based gels, particularly gelatin, with additional liquids and solid particles, 
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have been demonstrated to have the desired ultrasonic transmission properties. In 
its pure congealed state, gelatin can be made to have the speed of sound in the range 
of 1500 m/s to 1600 m/s (Madsen et al., 1978). The density can be varied around 1 
gm/cm^ to match specific tissues. The attenuation in the pure state is approximately 
0.05 dB/cm-MHz. Addition of powders such as graphite or talc raises the attenuation 
to the desired level between 0.5 dB/cm and 2 dB/cm at 1 MHz. 
Various oils can form emulsions in the molten gelatin prior to solidification. This 
approach extends the ranges available for the speed of sound, density, and scattering. 
The backscatter can be raised to a specific level by the addition of larger particles 
such as emulsified oil or glass beads. 
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MATERIALS AND METHODS FOR TM-PHANTOMS 
Preliminary Experiments 
The preliminary experiments using different materials and methods were, done 
•to find suitable choices for the project. The basic procedure for making the TM-
phantoms (using water-based gelatin) was derived from those described by Madsen 
et al. ( 1978, 1982a and 1982b), Isana et al. ( 1982), and Companion ( 1992). First, dif­
ferent proportions of gelatin, water, and formaldehyde were tried to find an optimum 
ratio for producing a mechanically stable gel. Ultrasonic velocity and attenuation 
were measured to determine how they changed with the addition of different con­
centrations of propanol and ethylene glycol. The goal was to make the gel rubbery 
in consistency, stable within a temperature range including room and body temper­
atures, and of course, with ultrasonic properties in the range of soft tissues. After 
several trials, the following modified method was developed for constructing TM-
materials of different compositions. 
First, 15% to 20% weight per volume { w ( v )  gelatin solution is made at a tem­
perature of 50 to 60 °C. The solution is stirred on a hot plate at this temperature 
for at least 30 minutes. This produces an homogeneous, translucent solution. Zero 
to 15% volume by total volume (v/v) of ethylene glycol is then added and the 
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mixture is stirred for two more minutes. If required for controlling ultrasonic velocity 
of the final product, n-propanol (0 to 15% v/v) is added at this time. For a low 
scattering property, 0 to 20% vjv oi mineral oil is added, followed by a detergent 
(commercially available Ivory liquid soap) with a constant volume ratio of oil to de­
tergent (e.g., 10% v/v detergent in oil). The mixture is stirred at high speed until a 
characteristic milky white appearance is attained, avoiding too much foaming. The 
foam and air-bubbles are removed by either filtering or the use of a low vacuum 
pump. Graphite powder is added at this time with stirring continued for 4 or 5 
more minutes. For high scattering values, extra scatterers such as glass beads could 
also be added at this time. 
Finally, about 5% to 15% v/v of 37% formaldehyde is added and the solution is 
then poured into a molding plastic (polypropylene) box of known weight. (The typical 
small box is 1.25" by 1.50" by 3.00" size. This allows ultrasonic measurements with 
two different lengths of the material block.) The box is immediately sealed with wax 
and placed into a fitting Plexiglas cylinder. After sealing both ends of the cylinder 
with caps, the cylinder is placed on a specially designed rotating device and rotated 
along the long axis of the box (and the cylinder) at less than 10 rpm, the long axis 
being parallel to the ground. This prevents settling of particles by gravitational force. 
The congealing takes about two hours, after which the material is placed in another 
air-tight container and stored in the refrigerator. 
Final Experiments and Statistical Analysis 
In order to determine the significance of each ingredient on each ultrasonic prop­
erty, balanced combinations of ingredients within the ranges proven by the prelimi­
14 
nary experiments were used for the final experiments. The number of batches required 
for statistically significant results was determined by the significance of a particular 
property the ingredient predominantly controls, and available resources. 
Twenty five more batches of the TM-materials with different compositions were 
made. Variable concentrations of propanol, graphite powder, and glass-beads were 
used under controlled experimental protocols. Ultrasonic properties of all TM-materials 
were measured and the results were statistically analyzed to derive the relationships 
between ingredient materials and the ultrasonic properties. 
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SYSTEM AND ULTRASONIC MEASUREMENTS 
The TM-materials were made in the Biomaterials Laboratory at the Biomedical 
Engineering facility, and ultrasonic data-acquisition was done in one of the ultrasonic 
labs at the Center for Non-Destructive Evaluation. The digitized signals were then 
processed on computer workstations to estimate ultrasonic attenuation and backscat-
ter properties of the TM-materials. 
Density Measurements 
The density of each TM-material was determined in a direct fashion involving 
volume and mass measurements. These measurements were taken at 22 a day after 
construction of the TM-material and again, a day before data-acquisition. The plastic 
boxes containing the congealed gel were precisely cut at two ends, leaving about a 
•5 cm thick slice (about 65 cm^ volume) of the TM-material with supporting plastic 
side walls. This allowed accurate calculation of the volume of the material. Then, 
the material was weighed and the weight of the plastic container was subtracted. 
The density values calculated in this fashion were accurate to within ±0.5%. Also, 
the densities of a few simple TM-materials were calculated using knowledge of the 
percentages of weights and volumes of the component materials. It was found that the 
density calculated by direct measurements (of volume and weight) agreed to within 
16 
1% of the calculated value of the density. 
System 
The system^, as illustrated in Figure 1, included a Panametrics^ model 5058PR 
puiser/receiver, a water tank with facilities to hold/move the transducers, a LeCroy"^ 
9410 digital oscilloscope, and a personal computer. The Panametrics transducers 
used were: (1) a 2.25 MHz, 0.75" diameter, wideband transducer, weakly focused at 
3", (2) a 5.0 MHz, 0.5" diameter, unfocused transducer, and (3) a 10.0 MHz, 0.5" 
diameter, unfocused transducer. 
Ultrasonic Velocity Measurement 
.A.n approach, so-called the shadowed reflector method (Lele et al., 1975; Ophir 
et al., 1984), was used for measurements of speed and attenuation of ultrasound 
within the TM-phantoms. As shown in Figure 2, a single transducer was used to 
transmit the pulse and receive the signal reflected from a flat smooth reflector (a steel 
block) placed perpendicular to the axis of the sound beam propagation. The speed 
of sound in water [Cw) at room temperature was measured for each setting of the 
experiments. Then, the test material with shorter length {d2) was placed between the 
transducer and the reflector plate such that the material surfaces were perpendicular 
to the sound beam. The arrival time of the reflector echo v/as determined on the 
oscilloscope and the signal was acquired at a high sampling frequency (for off'-line 
^More complete description of the ultrasonic measurement system can be found 
in the second part this dissertation (Amin and Carlson, 1992). 
^Panametrics, Inc., Waltham, MA. 
^LeCroy, New York. 
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Figure 1 : System setup for ultrasonic data acquisition and measurements 
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calculation of attenuation). A one or two cm slice of the material was then cut with 
a smooth flat surface and the measurements were repeated with this shorter length 
(c?l) intercepting the sound beam perpendicularly. 
The speed of sound in the TM-material was calculated relative to that in the 
water using the formula 
1 1 A i 
or 
where C'w 
A t 
d 
The calculations using time shift (of the reflector echo) by replacing water with 
the test material gave results similar to those given by replacing shorter length ma­
terial with longer length material. (Of course, both these calculations used water as 
a reference medium.) 
Ultrasonic Attenuation Measurement 
The frequency dependent attenuation was estimated using the so-called log spec­
tral difference method (Ophir et al., 1984; Amin, 1989) with a broadband transducer. 
In this method, the log-power of the signal, attenuated by its path through 
the material, is compared with reference log-power. As shown in Figure 3, 
C 2d 
Cw c 
1 c t 
speed of sound in water at room temperature 
shift in time upon replacing water with test material, or 
replacing shorter (c?l) with longer {d'2) length material 
length of the test material replacing water, or 
the difference in lengths {d2 — dl) oi the test materials. 
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lire 2; Shadowed reflector method for velocity and attenuation measurements 
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the log-power difference is plotted against frequency and least square slope 
over the transducer bandwidth is calculated. Dividing this slope by the 
distance the signal traveled (in cm), gives the coefficient of attenuation in 
dB cm~^ There are several approaches to obtain attenuated and 
reference spectra. In the shadowed reflector approach^ a single transducer 
pulse/echo system is used with a vertically placed flat metal or glass plate, 
the reference spectrum is obtained from the reflector echo with water path 
only, and the attenuated spectrum is obtained from the reflector echo with 
a block of material placed between the transducer and the reflector plate. 
For our experiments, we used a modified approach for better results. The signals 
reflected from a reference steel plate with shorter and longer lengths of the TM-
materials were acquired as mentioned earlier. The spectrum of the reflector echo with 
shorter length material was used as a reference and that for the longer length material 
was used as the attenuated spectrum. The spectral difference within the bandwidth 
of the transducer gave the coefficient of frequency dependent attenuation. Linear and 
non-linear fit were applied to estimate the slope of the attenuation coefficient and 
the power of frequency dependence, respectively. 
In simple terms, the attenuation in dB/cm within the frequency bandwidth of 
the transducer is given by 
where = spectrum of the reflector echo with test material of 
shorter length ((il) 
S2{f) — spectrum of the reflector echo with test material of 
longer length {d'2) 
A d = 2 {d2 — dl), the difference in lengths of the test materials 
traveled by ultrasound. 
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Figure 3: Log-spectral difference technique for estimation of attenuation. The upper 
panel shows reference and attenuated log-power spectra and the lower 
panel shows the log-spectral difference and least square fit to calculate the 
slope of attenuation coefficient. 
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This method of measuring attenuation was more accurate than that using the 
reflector echo with water path as a reference. Using the shorter length block of 
the TM-material as a reference, the reflection losses at the water/material interfaces 
could be ignored in the attenuation calculations. (Although, such reflection losses 
were negligible since acoustic impedances of the TM-materials were close to that of 
water.) 
Backscattered Power Measurement 
The ultrasonic backscatter properties of the TM-materials were estimated by 
calculating the bâckscattered power relative to a nearly perfect reflector (a steel plate 
with reflection coefficient = 0.98). For each TM-material with scatterers, between 4 
and 10 backscattered signals were acquired with an appropriate sampling frequency. 
Power spectra of gated segments of these signals were then calculated. Average 
power was next calculated at the center frequency of the transducer and reported as 
backscattered power relative to a similarly calculated value for the reference spectrum 
(of echo from the reflector at a similar distance from the transducer). This method 
was sufficient to compare the backscatter levels for the TM-materials with different 
concentrations of scatterers. 
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RESULTS AND DISCUSSION 
Physical Characteristics 
Density 
The density of the water-based gelatin used for the TM-materials was approxi­
mately 1.00 gm/cm^. For stable mechanical properties, the final batches were made 
with 10% wjv gelatin, 10% v/v- ethylene glycol, and 10% v/v formaldehyde. The 
density of the gel with this combination of materials was about 1.03 gm/cm^. With 
the addition of propanol, oil, graphite powder, and scatterers, the density varied 
within a useful range from 0.90 to 1.10 gm/cm^, suitable to match specific tissues 
including fat (0.94) and muscle (1.07). 
The density was considered important in the design of multi-layered or anthropo­
morphic TM-phantoms consisting of more than one kind of TM-material. ( Recall that 
acoustic impedance at an interface depends on the densities and ultrasonic velocities 
of materials on both sides of the interface.) 
Mechanical Stability 
Congealed gelatin alone was either very soft or hard and brittle, based on the 
ratio of gelatin to water. Addition of propanol did not change any of these mechanical 
properties appreciably. Further addition of oil made the material slightly rubbery. 
Ethylene glycol made the materials more rubbery and yielding on pressure. These 
properties were considered important for durability of the TM-materials with normal 
handling involved during measurement processes and their intended use in system 
calibration. 
Ultrasonic Properties 
Velocity 
The speed of sound increased with the gelatin concentration and was about 1490 
m/5 with 10% w/v gelatin used for most of the TM-materials (Figure 4, upper panel). 
The speed of sound in ethylene glycol itself was measured to be 1660 mjs which was 
consistent with values found in literature (e.g., 1658 m/5 in Ensminger, 1988). The 
speed of sound in the gel increased monotically with increasing concentrations of 
ethylene glycol (Figure 4, lower panel). With 10% vjv of ethylene glycol used in the 
final experiments, the speed of sound was about 1-580 m/5. 
Similarly, results of preliminary experiments showed that the speed of sound 
increased with increasing propanol concentration, from 1500 mjs without propanol 
to 1610 m/s with 20% propanol, as shown in Figure 5. These results were similar to 
those found by Madsen et al. (1978). 
For optimum physical properties and velocity range, the concentration of gelatin 
and ethylene glycol used for the final experiments were kept constant (at 10% w/v and 
10% vjv, respectively) and only propanol was used as a main ingredient for controlling 
the speed of sound. The TM-material with the above mentioned concentrations of 
gelatin and ethylene glycol gave the speed of sound to be around 1580 m/j and the 
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Figure 4: Changes in ultrasonic velocity with varying concentrations of gelatin (up­
per panel) and ethylene glycol (lower panel) 
26 
1650 T 
g, 1600 
^ 1550 
h 
5 1500 --
1450 -I 1 1 i 1 1 
0 5 10 15 20 25 
Propanol Concentration (% v/v) 
Figure 5: Changes in speed of sound with propanol concentration in the gel 
range from 1470 to 1650 m/s, suitable for mimicking soft tissues. These values were 
achieved by changing the concentration of propanol from 0% to 20%. The addition of 
graphite powder or glass microspheres did not change the speed of sound appreciably. 
For a few TM-materials of intermediate concentrations of each ingredient, the 
velocity was measured with three different transducers with center frequencies of 
2.25, 5.0, and 10.0 MHz. The values did not vary more than 2% which indicated no 
frequency dependence of the speed of sound (at least within the range employed for 
clinical imaging). 
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Attenuation 
Attenuation measurements for castor oil, with the experimental setup similar to 
that used for TM-materials, were taken to check the validity of the method. Figure 6 
shows a plot of frequency versus attenuation for castor oil. This figure combines 
the results for 2.25 MHz and 5.0 MHz transducers. The power law fitted to the 
attenuation curve gave the relationship: attenuation = 0.9 These values were 
very close to those found in the literature. Dunn et al. (1969) reported ultrasonic 
attenuation coefficient in castor oil at 30 to be proportional to the frequency 
raised to 5/3 power 
Varying the concentrations of gelatin, propanol, and ethylene glycol did not 
change the attenuation to a large extent. For the concentrations used in making 
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most of the TM-materials (i.e., 10% w/u gelatin, 10% v j v  ethylene glycol and 10% 
vjv formaldehyde) attenuation values of less than 0.2 dB/cm were obtained. 
Graphite powder was the main constituent for controlling the frequency depen­
dent attenuation in the TM-materials. Figure 7 shows how the attenuation coefficient 
varied with frequency and the graphite concentration. This figure shows the results 
f o r  T M - m a t e r i a l s  w i t h  g r a p h i t e  c o n c e n t r a t i o n s  o f  4 % ,  8 % ,  1 0 % ,  1 6 %  a n d  2 0 %  w l v  
(gm per 100 ml of total quantity). (The results of intermediate concentrations showed 
a similar relationship, and are not shown in the figure.) These attenuation values 
cover the useful range for the soft tissues, from fat (a = 0.61 dB/cm/MHz) to skeletal 
muscle (a = 1.4 dB/cm/MHz along the fibers). Also, the frequency dependence was 
close to being linear, as in the case of normal soft tissues. (Slight deviation from a 
linear relationship with frequency dependence is found in pathological tissues, e.g., 
fatty and cirrhotic livers showed greater frequency dependence (Jones, 1984).) 
Backscatter Power 
The water/gelatin gel was homogeneous and did not give any backscatter signal. 
Addition of up to 20% w/v gave very negligible backscatter at 2 MHz, lower than 
-80 dB with respect to that of a nearly perfect reflector (a steel plate). Mineral 
oil emulsion and glass micro-spheres were used for the backscatter property of the 
TM-material. The TM-materials with up to 20% v/v oil emulsion gave very low 
backscatter, only as high as -65 to -70 dB relative to that for a nearly perfect reflector. 
The glass micro-spheres (212 - 300 micron) provided an ultrasonic backscatter 
high enough to mimic this property of soft tissues. Most of the soft tissues have 
ultrasonic backscatter between -30 and -60 dB relative to that for a perfect reflector. 
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Figure 8: Effect of increasing concentration of glass-microspheres in the 
TM-materials on ultrasonic backscatter measurements at 2.0 MHz 
As shown in Figure 8, concentrations of glass micro-spheres up to about 10% w j v  
produced a backscatter level as high as -20 dB relative to that for a nearly perfect 
reflector. 
Stability of the Ultrasonic Properties 
Temperature Stability 
Measurements of the speed of sound and attenuation for a few TM-materials were 
repeated at 20, 25, 30, and 35 ^C. The values for one TM-material of intermediate 
concentrations of the constituent materials are plotted in Figure 9. As seen from 
the figure, the ultrasonic properties of the material were stable at least within a 
temperature range from 20 to 35 °C, sufficient for a typical clinical environment. 
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Figure 9: Temperature stability of the velocity (upper panel) and attenuation (lower 
panel) of ultrasound in the TM-material with 10% w/v gelatin, 10% 
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Temporal Stability 
Measurements of velocity and attenuation for a few TM-materials were repeated 
at 3, 6, and 9 months after their production. All the TM-materials measured were 
desiccated by less than 5% of their volumes and weights. However, their ultrasonic 
velocity and attenuation did not change significantly during this period of storage. 
Thus, other than a minor desiccation problem, the TM-materials were considered 
stable over a long period of time (at least for 9 months). 
Model for Reproduction of Desired Ultrasonic Properties 
Results of all the final TM-materials were analyzed statistically to find the sig­
nificance of each ingredient on each property of ultrasound. The material variables ^ 
(specific to the materials used in this study) were; 
• n-propanol {Vo v/v) 
• graphite powder { %  w / v )  
• glass micro-spheres (% w / v ,  212 - 300 micron) 
The desired ultrasonic properties were: 
» velocity (m/s) 
• slope of attenuation coefficient (dB/cm/MHz) 
• backscatter power (dB with respect to a nearly perfect reflector) 
Since the frequency dependence of the attenuation was close to being linear for 
soft tissues as well as for TM-materials constructed in this study, only the slope of 
the attenuation coefficient was considered of interest here. 
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The model equations by linear regression analysis are as follows (terms in the [ ] 
are not significant). 
Propanol ( %  v j v )  = -215.7 - 0.14 * velocity -f [attenuation] -f [backscatter] 
Graphite [% wIv) = -1.33 -r 13.33 * attenuation -j- [velocity] f [backscatter] 
Glass-spheres (% tu/r) = 14.0 -f- 0.22 * backscatter 4- [velocity] -j- [attenuation] 
These equations can be used for determining concentrations of propanol, graphite 
and glass microspheres by inserting appropriate values of the desired ultrasonic prop­
erties (velocity, slope of attenuation coefficient, and backscatter power) of the final 
TM-material. Note again that these design equations are valid only within the ranges 
of concentrations used in this study, i.e., propanol up to 20% vjv, graphite powder 
up to 20% w/r, and glass microspheres from 2% to 10.8% w/v. Also, the method 
described earlier for production of TM-material should be used to get the ultrasonic 
properties close to the desired ones. 
Summary of Results 
Table 1 summarizes important results of this study, showing the property of each 
ingredient in the TM-material and the range of the values achieved for each property. 
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Table 1: Summary of results showing an effect of each ingredient in the TM-material 
on the property of interest and the range of the property achieved in this 
study 
Material Ultrasonic/tissue property 
mimicked 
Range of the property 
• achieved 
gelatin -f water gel density 0.90 - 1.10 gm/cm^ 
ethylene glycol mechanical stability rubbery consistency 
propanol velocity 1400 - 1600 m/s 
graphite powder attenuation 0.4 - 2.0 dB/cm/MHz 
glass micro-spheres or 
mineral oil emulsion 
backscatter power -20 to -60 dB relative to 
that for a perfect reflector 
formaldehyde raises the melting temperature 
of gel, and acts as preservative 
greater than 60 
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CONCLUSIONS AND FUTURE RESEARCH 
A method of constructing tissue-mimicking material (TM-material) was devel­
oped. The primary ingredient of the TM-materials was water-based gelatin, with 
additional ingredients for controlling desired ultrasonic properties. With production 
and measurements of several TM-materials, optimum ranges of concentrations of in­
gredients were derived in order to achieve ultrasonic properties (velocity, atténuation 
and backscatter power) in the ranges of the soft-tissues. Also, a model or scheme was 
derived for producing TM-materials with the desired ultrasonic properties. Such a 
scheme could be very helpful in producing a TM-material with properties very close 
to a specific tissue or organ (e.g., fat or liver). 
For ultrasonic system calibration and experimental study purposes, a multi-
layered TM-phantom could be very useful. For an application to the beef grading 
project, a TM-phantom mimicking a rib-eye section could be made. (Of course, such 
TM-phantoms could not be used at freezing temperatures since the TM-materials are 
water-based and are designed for use at room or body temperatures.) 
A detailed study for frequency dependence of the backscatter property would 
further characterize the TM-materials. Backscatter coefficient could be measured 
for more precise study of the backscatter property. Scatterers of different sizes and 
densities could be used to further this study. Thin fibers (e.g., graphite fibers) or 
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cylindrical scatterers could be tried to mimic anisotropy in ultrasonic attenuation and 
backscatter of some of the soft tissues, particularly muscles. A different base material 
without water (such as rubber) could be tried for improvements in slow desiccation 
problem with the water-based products. This could ensure a long term stability of 
the product. 
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PAPER II. 
CHARACTERIZATION OF THE BEEF RIB-EYE MUSCLE FOR 
QUALITY GRADING USING SPECTRAL ANALYSIS OF THE 
BACKSCATTERED ULTRASONIC SIGNALS 
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ABSTRACT 
The feasibility of using ultrasound for meat quality evaluation has been proven 
by various studies, but only recently has it received close scrutiny in the view of 
consumers' awareness for quality meat products. At Iowa State University, efforts are 
in progress to develop ultrasonic tools as objective methods for evaluating/predicting 
tissue composition of live animals and carcasses. This report describes efforts in 
ultrasonic evaluation of fat marbling in the rib-eye muscle of beef carcass. 
The rib-eye muscle samples from -50 beef cattle were scanned using a comput­
erized A-mode ultrasonic system. Parameters useful for tissue characterization were 
derived from spectral analysis of the backscattered ultrasonic signals. Using these 
spectral parameters, a regression model was developed for the prediction of %fat in 
meat tissues. Also, linear discriminant analysis was used for finding patterns into the 
spectral parameters for meat quality grading purpose. A simple but accurate classi­
fication scheme was derived for assigning the marbling grades to the rib-eye samples. 
This study also proved usefulness of spectral analysis of the ultrasonic backscattered 
signals for tissue characterization. 
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INTRODUCTION 
A variety of experimental ultrasonic techniques have been used to differentiate 
tissues according to their acoustic properties. Recently, efforts are in progress to 
develop ultrasonic tools as objective methods of evaluating tissue composition of live 
animals and carcasses. Some of the principles of ultrasonic tissue characterization 
being developed for clinical imaging and pathology diagnosis can be applied for animal 
applications. The feasibility of using ultrasound for meat quality evaluation has been 
proven by various studies around the world [1-5], but only recently has it received 
close scrutiny in the view of consumers' awareness for quality meat products [6]. 
This report describes efforts in the ultrasonic evaluation of fat marbling in the 
rib-eye muscle of beef carcasses. The development of a regression model for prediction 
of %fat in meat tissues is discussed. Also, a new approach of developing a pattern 
recognition model for classifying the grades of marbling, using spectral analysis of 
the ultrasonic signal, is presented. 
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BACKGROUND 
Qualitative or quantitative parameters of ultrasound/tissue interactions may be 
derived from the A-mode signals or the B-mode images. These parameters include 
information regarding amplitude, frequency, and their statistical properties. The use­
fulness of a particular parameter (or feature) of the signal depends on its information 
content and how sensitive and specific the feature is to the differentiation or char­
acterization problem in question. Approaches using more than one parameter from 
ultrasonic signals are successful for pattern recognition and classification problems 
[7, 8]. 
The most practical method of ultrasonic measurement, both in vivo as well as 
in vitro, is the pulse echo method where a single piezoelectric transducer is used as 
both transmitter and receiver. This method measures the backscattered ultrasonic 
signals. Typically, short pulses from the transducer are transmitted into the tissue 
and the segments of received (backscattered) signal from the region of interest (ROI) 
are recorded in a digital form for processing. The parameters of ultrasound/tissue 
interactions, such as attenuation and backscatter coefficient, are then estimated either 
off-line on a computer or on-line using some specialized system. The received signal 
is a function of the transmitted pulse, electro-acoustic factors of the transducer, 
propagation through the tissue between the transducer and the ROI, the apparent 
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backscatter transfer function from the ROI, and the effects of the interferences from 
inhomogeneities or distribution of the tissue components. 
The ultrasonic pulse transmitted into the tissue has several frequency compo­
nents which can be measured by transforming the signal into the frequency domain. 
Analysis of such a transformed signal, called frequency power spectrum or simply 
power spectrum, has played an important role in the development of ultrasonic tissue 
characterization. Parameters such as ultrasonic attenuation, frequency dependence 
of the attenuation and backscatter, scatterer number density, and inhomogeneity of 
the tissue more or less involve analysis of the power spectrum of the ultrasonic signal. 
An example of an ultrasonic pulse in the time domain and its frequency domain 
transform is shown in Figure 1. The upper panel shows the ultrasonic pulse reflected 
from a plain metal reflector and received by the transducer. The lower panel is 
the transform in the frequency domain, showing the power at different frequency 
components with measurable power between 1.0 and 3.0 MHz frequencies. With this 
transducer we can measure ultrasonic properties of the tissue within this range of 
frequencies, called the frequency bandwidth. As the ultrasonic pulse passes through 
the tissues, its frequency characteristics are changed and the measures of such changes 
provide tissue-specific information. For example, the changes in center frequency and 
power within the bandwidth are indirect measures of attenuation of the ultrasonic 
energy in the tissue. 
Since specific information about the tissue properties is contained along with 
other system factors, an effective signal processing technique should provide a means 
of eliminating the responses of the transducer, electronic system, and tissues overlying 
the ROI. This provides system-independent and depth-independent measurements of 
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Frequency (MHZ) 
Figure 1: Time and frequency domain representation of an ultrasonic echo signal. 
The upper panel is signal from a vertically placed steel plate and the lower 
panel is power spectrum of that echo signal. 
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the ROI. Factors associated with the transducer and associated electronics can be 
removed from the measurement by normalizing the spectrum with respect to some 
reference power spectrum (e.g., spectrum of an echo from a smooth steel plate) mea­
sured under similar conditions. The effects of the overlying tissues can be corrected by 
considering the signals (or spectra) from two different depths of the tissue, enclosing 
the ROI. . 
After correcting for undesirable factors, the signal represents what is called the 
backscatter transfer function of the tissue in the ROI. This is a measure of the relative 
strength of the ultrasonic backscatter as a function of frequency, and includes infor­
mation about specific scattering mechanisms and details of size, shape, composition, 
orientation, and spatial distribution of tissue inhomogeneities. (Although, effects of 
these tissue properties are very difficult to isolate.) Since the scatterers (tissue con­
stituents scattering the ultrasonic signal) are randomly distributed, the signal arrival 
times at the receiving transducer are likewise random and this introduces modula­
tion or perturbation in the spectrum. This effect needs to be filtered out in order to 
reliably estimate the spectral parameters such as the center frequency and the band­
width. Here we used so called cepstral filtering for calculating the smoothed power 
spectrum [9]. The cepstral filtering essentially low-pass filters the modulations in the 
log-spectrum and provides a smoothed estimate of the spectrum. 
The effect of cepstral filtering on a typical ultrasonic backscattered spectrum 
is illustrated in Figure 2. The upper panel shows a segment of the backscattered 
signal from a rib-eye sample. The frequency domain transform of this signal gives 
the log-power spectrum as shown in the lower panel as a dotted line; note the noisy 
nature of the spectrum. The smoothed spectrum, calculated by cepstral processing. 
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is plotted as a dark line. Several measures of this smoothed spectrum, calibrated for 
the system dependent factors, were used to characterize the marbling of fat. 
48 
150 
Time (micro—sec) 
10 
0 
10 
30 
40 
0 3 2 5 
Frequency (MHz) 
Figure 2: Typical ultrasonic gated backscattered signal and its power spectrum. The 
upper panel is a segment of the backscattered signal from a rib-eye sample. 
In the lower panel, dotted line is the raw spectrum and solid line is the 
smoothed spectrum. 
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MATERIALS AND METHODS 
Instrumentation 
A personal computer based system at the Center for Non-Destructive Evaluation 
(CNDE), at Iowa State University, was used for ultrasonic data acquisition. The sys­
tem allowed great flexibility and speed to acquire radio-frequency ultrasonic data with 
different protocols. As shown in Figure .3, the system consisted of a pulsar/receiver, 
an ultrasonic transducer, a digital oscilloscope, a personal computer, and a scanning 
tank with a stepper motor assembly. 
A Panametrics^ model 5058PR ultrasonic puiser/receiver was used in the pulse-
echo mode ( A-mode). A 2.25 MHz wideband, focused transducer with focus at about 
7.62 cm (3.0 in) was selected for tissue scanning. The impulse response and the power 
spectrum of this transducer is shown in Figure 1. The -12 dB frequency bandwidth 
was measured to be from 1.0 to 3.0 MHz. This transducer was characterized for 
complete beam profile (focus, beamwidth, etc.) using a very small steel ball (0.1 cm 
diameter). 
A LeCroy^ model 9410 digital oscilloscope was used to display and digitize the 
^Panametrics, Inc., Waltham, MA. 
"^LeCroy, New York, NY. 
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Figure 3: Block diagram of data acquisition and processing system. 
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ultrasonic RF signal, with several pre-processing options. For automated data acqui­
sition, it allowed software control using a personal'computer. A large tank^ was used 
for scanning under water. This specially designed tank was attached with stepper 
motors and related assembly for precise (0.0001 in/step) movement control of the 
transducer holding bridge using a personal computer. 
An AST Premium 286^ personal computer with DOS operating system was used 
to control the data acquisition process. The computer was equipped with an interface 
card for communicating with other instruments, i.e., the oscilloscope and the stepper 
motor controller. Custom built software'^, written in the C programming language, 
was used for a fully automatic data acquisition process. The computer hard disk was 
used for temporary storage of the acquired data. 
After scanning all the samples, the data files were transferred to the DEC-5000^ 
workstation network storage. All further processing was done on the workstations 
provided at the Center for NDE and the university wide Project Vincent computation 
facihty. 
Preparation of the Tissue Samples 
The longissimus dorsi muscles, between 12th and 1.3th ribs (rib eye), from 49 
beef carcasses were cut in about 20 by 30 by 4 cm sections and vacuum sealed in 
plastic bags. The carcasses were evaluated earlier by USDA certified graders for 
marbling scores. The percentage of fat in the rib eye muscle on the opposite side 
•^Testech, Inc., Exton, PA. 
'^AST, Inc., Irvine, CA. 
•^The help of Tony Parakka at the CNDE for this is gratefully acknowledged. 
^Digital Equipment Corporation, Maynard, MA. 
of each carcass at a similar location was chemically estimated using the n-hexane 
method. This value of %fat was assumed to also be representative of the sample of 
the other side rib-eye used in the scanning. The meat samples were vacuum sealed 
in plastic bags and stored at zero . The ultrasonic scanning was done between 7 
and 10 days after the slaughter. All 49 samples were scanned within a period of 48 
hours to minimize the effects of aging on ultrasonic parameters. Meat samples were 
transported in an ice-chest between the labs and immediately after scanning, were 
returned to regular storage at the Meat Lab. 
Data Acquisition Protocol 
The samples were scanned in the water tank with the temperature maintained 
between 0 and 5 °C with ice. This was necessary to maintain the protocols for 
further analysis by freezing and aging the samples. A specially built sample holder 
was used to hold the tissue sample in the water tank while scanning. It was decided 
to scan from the muscle side (as opposed to the side with the subcutaneous fat layer) 
of the sample, since at a temperature close to freezing, the fat layer was solidified 
and highly attenuated the ultrasound signal. The transducer was carefully oriented 
so that the sound beam was parallel to the, long axis of the cut section, with the fat 
layer at the back. This oriented the sound beam perpendicular to the muscle fibers, 
as in the case of B-mode scanning of the live animal. After carefully positioning the 
transducer, 64 A-mode signals (sometimes referred to as A-lines) were acquired by 
laterally translating the transducer by stepper motor control. The distance between 
the adjacent steps was 0.19 cm (0.075 in), which was half of the beam width measured 
at the focus of the transducer. This ensured that adjacent A- lines were statistically 
53 
uncorrelated. 
Each A-mode signal was averaged 25 times to remove random system noise. 
The complete signal, using a time window from the front surface of the sample to 
the reference plate vertically placed behind the sample, was acquired at a 20 MHz 
sampling rate. This accounted for 4000 samples (one byte each) for each A-line. After 
properly setting the sample, the complete data acquisition was a one-step process by 
computer control. At the end of every sample, a binary data file identifying the sample 
by a serial number was stored on the computer hard disk and later transferred to the 
workstations for further processing. 
Spectral Analysis 
For each tissue sample, 30 (out of a total of 64 acquired) A-lines were used for 
further processing'. The 16 A-lines on both edges of the sample were not included 
in order to make sure that the echo signals were not from the edges; there were 
no additional selection criteria involved here. From each A-line, a 256 data-point 
segment was extracted. This segment length corresponded to a 12.8 p.s gate, or 
approximately a 10 mm length of the tissue. 
The power spectrum of the extracted signal was calculated as discussed earlier 
(see Figure 2) and six parameters were calculated from each spectrum. The four 
frequency parameters were: low frequency (LF), a low frequency cutoff point where 
the spectral power reduces -12 dB from maximum spectral power; high frequency 
(HF), a high frequency cutoff point where the spectral power reduces -12 dB from 
' All 64 scans were used to visualize the whole sample as a B-mode image. The 
processing of these images is an another approach for characterization of marbling 
and will be pursued in the near future. 
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maximum spectral power; bandwidth (BW), the difference between HF and LF; and 
center frequency (Fc), calculated as first moment within the BW. The fifth parameter 
was the average power (Pa) within the BW, also referred to as normalized integrated 
power. The sixth parameter was a smoothing error (SE) function, the mean square 
error between the raw spectrum and the smoothed spectrum within the BW. 
Frequency parameters are more or less indirect measures of frequency dependent 
attenuation and backscatter. Increasing the fat content of the tissues disperses more 
ultrasonic energy, causing higher attenuation. The normalized power within the 
BW provides information about the apparent backscatter transfer function (with 
respect to the perfect reflector) and relative attenuation in the samples. The spectral 
modulation parameter (SE) can be visualized as a measure of inhomogeneity, or 
degree of marbling, of the tissue. 
It should be noted that no additional criteria were involved in selecting A-lines 
and extracting signal segments from each A- line. Sometimes it is advisable to avoid 
the A-lines and segments from the ROI containing specular reflectors such as a tough 
connective tissue layer or a fat/muscle interface bigger than the wavelength of the 
ultrasonic pulse. This gives high energy echo and spectrum, which increases the vari­
ance in the data sample. But again, this might give an indication of inhomogeneity 
of the tissue sample (within the ROI) and so, in addition to the mean, the standard 
error as a measure of variance of each parameter over 30 A-lines was calculated. 
These parameters were identified with prefix 'err' or 'e' (e.g., errFc and errBW). 
Thus, we had 12 parameters defining an ultrasonic tissue signature for each tissue 
sample. The tissue signatures from all samples were further processed by advanced 
statistical methods, as described next. 
Statistical Analysis and Classification Scheme 
The objective of the analysis of the ultrasonic tissue signatures was threefold. 
The first was to find mutual correlation of the parameters and to select the pa­
rameters, which were not highly correlated with other parameters, for inclusion into 
further analysis schemes. The second objective was to determine the correlation of 
the parameters with the marbling score and select the parameters with significant 
correlation, if any. The third objective was to derive a model for directly classifying 
the tissue samples into one of the grades, based on their tissue signatures. Statistical 
pattern recognition methods with supervised learning were used to derive the classifi­
cation scheme. Statistical analysis software SAS® was used for most of the statistical 
analyses. All three analytical approaches are discussed next. 
The mutual correlations between the parameters were calculated as correlation 
coefficients (p). A ten percent level was considered a criterion for accepting any 
correlation as significant for this problem, considering that the ultrasonic signals 
presented wide variations due to the nature of the tissue structure and also that the 
marbling scores were subjective measures (by qualified graders, though). The param­
eters highly correlated with the others provide essentially similar information about 
the tissue properties and were not included in further development of a regression 
model. 
A systematic analysis of the variables in the tissue signatures was done to find 
the best multiple regression model for prediction of the %fat. This was achieved by 
seeking the optimum combination of the parameters such that the model gave the 
maximum coefficient of determination, B?'. the minimum residual error (for adequacy 
®SAS Institute, Inc., Gary, NC. 
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of the model), and the p value less than 0.1 (for significance of the model). 
The Fisher's linear discriminant analysis technique 110! was used to classify the 
tissue samples into one of the grades (Prime, Choice, Select, or Standard, grouped 
according to the marbling score) on the basis of the tissue signatures. This analysis 
scheme selects the coefficients of linear combination of the parameters such that the 
ratio of betwee,n-group variance to within-group variance is maximized. The measure 
of goodness for this classification procedure was calculated as probabilities of mis-
classification, e.g., classifying into grade Choice for a given grade Select. First, the 
discriminant model was derived using all 49 tissue signatures, and then the model 
was tested for classification accuracy by applying it to all the samples again (the 
so-called empirical method). Next, the application of this approach for prediction 
of the grades was tested with the so-called cross-validation method, which used two 
different (randomly split) sets of the samples for deriving the model (with about 35 
samples) and for testing the model (with about 15 samples). 
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RESULTS AND DISCUSSION 
Results are presented in four parts. First, the grades of 49 samples are presented 
with correlation between the marbling scores and chemically determined %fat. The 
second part presents the spectral parameters, with mutual correlation and correlation 
with the marbling scores and the %fat. The selection of the parameters in regres­
sion model for prediction of %fat is presented next, and finally, the results of linear 
discriminant analysis in classifying tissue grades are presented. 
Tissue Parameters 
The marbling scores and the %fat values for the rib-eye samples used in this 
study are listed in the Appendix. The marbling scores for 49 samples ranged from 
890 to 1300. Based on these scores, each sample was assigned one of the grades from 
Standard (less than 900), Select (900 - 990), Choice (1000 - 1290), and Prime (1300 
and above). This scheme assigned one sample to Standard, 16 to Select, 31 to Choice, 
and one to Prime. The %fat values, as determined by the n-hexane method, ranged 
from 2.20% to 8.62%. Figure 4 shows how the marbling score (a subjective method) 
is related to the chemically determined %fat (an objective method). As seen in this 
figure, there is almost a linear relationship between the marbling score and the %fat 
with good correlation [p — 0.75). 
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Percentage of Fat 
Figure 4: Correlation between visual marbling score and chemically determined %fat 
for the rib-eye samples used in this study. 
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Table 1: Correlation coefficients between marbling score, %fat and spectral param­
eters. The spectral parameters are: Fc = center frequency. HF = high 
frequency, BW — bandwidth, Pa = average power, SE = spectral smooth­
ing error. The terms with prefix 'e' specify the standard error estimates 
(each over 30 A-scans) of given parameters. 
marb %fat Fc HF BW Pa SE eFc ePa eSE 
marb 1.0 0.75 -0.24 -0.32 -0.34 0.13 -0.05 -0.08 0.19 0.33 
%fat 1.0 0.07 -0.23 -0.26 0.22 -0.17 0.32 0.21 0.13 
Fc 1.0 0.62 0.49 -0.02 -0.39 0.61 0.00 -0.13 
HF 1.0 0.97 -0.28 -0.14 -0.09 -0.19 -0.46 
BW 1.0 -0.39 0.01 -0.16 -0.30 -0.52 
Pa 1.0 -0.50 0.19 0.44 0.32 
SE . 1.0 -0.28 -0.57 0.16 
eFc 1.0 0.10 0.14 
ePa 1.0 0.22 
eSE 1.0 
Ultrasonic Spectral Parameters 
The coefficients of correlation between selected parameters, marbling score, and 
%fat are presented in Table 1. The underlined figures are significant to the 5% level, 
assuming a normal probability distribution of the parameters. The parameters with 
an 'e' prefix represent the standard error estimates over 30 A-lines. 
The mutual correlation of Fc with HF {p = 0.62) is high. The BW is highly 
correlated with HF {p = 0.97), less with Fc {p = 0.49), and not significantly cor­
related with LF. This is easily explained by the frequency dependent attenuation 
where higher frequencies are attenuated much more than the lower frequencies. So, 
essentially the shift in the HF determines the changes in the BW. Other examples 
of significant mutual correlations are between Pa and SE {p = -0.50), and between 
errSE (standard error of SE) and BW {p — -0.52). The highly correlated parameters 
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essentially provide similar information and only one parameter from a set of mutually 
correlated parameters should be included in further regression analysis. 
Ultrasonic Parameters versus %Fat 
The significant parameters (p < 0.1) for regression with %fat and marbling scores 
were HF, BW, Pa, errFc, errPa, and errSE, although no single parameter was able 
to predict %fat (or marbling score) with acceptable accuracy. Multiple regression 
methods derived the linear combination of the parameters and their interactions 
(e.g., Fc*BW) for better and reliability (p < 0.1, MSE < 1.0). Figure 5 shows 
the plot of %fat predicted from the model employing six parameters and interactions 
between them. This model provides good prediction of %fat (i?^ = 0.56, p = 0.07). 
The SAS program and the results with coefficients of the linear regression model are 
included in the Appendix. 
Ultrasonic Parameters versus Grades 
Although no single parameter was able to predict marbling score to any accept­
able accuracy, different trends were seen in the relationships between some of the 
parameters and the tissue grades. Figure 6 shows such trends for the Fc and the 
errSE for grades Standard to Prime, from left to right. Such information was use­
ful for developing classification schemes by linearly combining several parameters. 
All significant parameters for all 49 samples were used to develop Fisher's discrim­
inant function and then this function was applied to classify the samples into the 
grades. The result of this empirical method of classification is shown in Table 2. 
(Out of 49 samples only one sample each was Prime and Standard, and the results 
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Figure 5: Prediction of %fat from the linear regression model. 
for these grades are definitely not significant. They are included in the table for 
the sake of completeness.) Out of 16 Select samples, 11 were classified correctly, 4 
were classified to Choice, and one sample was assigned to Prime. The overall cost of 
mis-classification was very small since only one sample was assigned a grade beyond 
the nearest grade (i.e., from Select to Prime). Even better results were found for the 
Choice samples. Twenty three out of 31 Choice samples were classified correctly, 7 
were mis-classified to Select, and only one to Prime. The mis-classification of Choice 
to Select (and vice versa) was not very surprising because of two reasons. First, most 
of the Choice samples were low or medium Choice, so the nearest grade was Select. 
Second, some of the samples were actually borderline cases between low Choice and 
Select, as determined by two different grade assignment of these samples by differ-
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Table 2: Classification of tissues into the grades using the discriminant function 
model. 
From \ To Standard Select Choice Prime Total 
Standard 1 (100 %) 0 0 0 1 (2 %) 
Select 1 (6 %) 11 (69 %) 4 (25 %) 0 16 (33 %) 
Choice 0 7 (23 %) 23 (74 %) 1 (3 %) 31 (63 %) 
Prime 0 0 0 1 (100 %) 1 (2 %) 
Total 2 (4 %). 18 (37 %) 27 (55 %) 4 ( 2 % )  49 (100 %) 
ent graders. Thus, the classification scheme was considered robust for assigning the 
grades. The SAS program and the results with summary of the linear discriminant 
function is included in the Appendix. 
It is more interesting to see how well this classification scheme can perform 
for prediction of the marbling grade. The result using the cross-validation method 
is shown in Table 3. Here, 37 randomly selected samples were used to derive the 
discriminant model and then the model was applied to the remaining 12 samples. 
Sixty seven percent Select and. 100% Choice samples were assigned correct grades. 
Several randomly selected training and testing sets were used with the cross validation 
method. Overall, this approach gave only about 15 to 25% mis-classification rate, 
and most of the mis-classified samples were borderline cases as mentioned above. 
Thus the scheme seems to be very accurate for prediction of the marbling grades. 
1 . 5  
Standard Select Choice Prime 
2.5 r 
Standard Select Choice Prime 
Figure 6: Changes in the spectral parameters with the tissue grades. The upper 
panel shows the decreasing center frequency (Fc) with increasing marbling 
grades. The lower panel shows the increasing smoothing error function 
(errSE) with increasing marbling grades. 
64 
Table 3: Prediction of tissue grades using the discriminant function model. 
From \ To Select Choice Total 
Select 6 (67 %) 3 (33 %) 9 
Choice 0 3 (100 %) 3 
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CONCLUSION AND FUTURE RESEARCH 
A simple but accurate classification scheme has been derived for assigning grades 
to rib-eye samples, based on the marbling. This scheme employs easily calculated 
parameters from the spectrum of the A-mo de ultrasonic signal. Also, using the 
spectral parameters, the regression model for prediction of the %fat in the tissue 
sample has been developed. 
Thorough analysis of the discriminant model is under progress. Various mea­
sures of goodness of this classification procedure will be analyzed, including the overall 
probability of mis-classification, the sensitivity rate (the true positive rate^), and the 
specificity rate (1 minus the false negative rate^^). Once the complete process is 
developed, the efforts could be extended for models classifying the subgroups of the 
grades (e.g., low, mid, or high Choice). Also, newer approaches of pattern recogni­
tion could be applied for this classification problem. A feasibility study of applying 
artificial neural network for classifying grades of marbling and percentage fat has 
already been done [11]. 
Efforts in improving the regression model is also under progress. Several other 
acoustic parameters, including attenuation and backscatter coefficients, could be con­
sidered. Also, non-acoustic parameters such as the back-fat layer thickness and age 
^e.g., rate of Choice being assigned as Choice. 
^®e.g., rate of non-Choice being assigned as Choice. 
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of the animal could also be incorporated for further improvements of the model. 
In the future, more tissue samples will be scanned in order to increase the 
database. One hundred and fifty additional samples have recently been scanned. 
The results of these samples could be incorporated in future analyses. The ultimate 
goal is to incorporate the successful scheme/algorithm in a portable dedicated ul­
trasonic system (under development at Iowa State University) for evaluation of the 
carcasses as well as live animals. 
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APPENDIX 
Marbling Score and %Fat Values for Rib-eye Samples 
Marbling scores and %fat values are listed in a table on the next page. The 
marbling scores assigned by two certified graders are listed under Marbling-1 and 
MarbIing-2. Some samples were of borderline grades as recognized by two different 
grade assignments by the two graders. The folUowing scheme was used to assign 
marbling grades to the samples. 
Marbling Score Marbling Grade 
Less than 900 Standard 
900 - 990 Select 
1000 - 1099 Low Choice 
1100 - 1199 Medium Choice 
1300 and above 
1200 - 1299 High Choice 
Prime 
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Sample-ID Marbling-1 Marbling-2 %Fat 
830 1100 1010 4.45 
831 1070 1130' 4.58 
832 1040 1070 4.84 
833 1010 1050 3.63 
834 1020 1030 4.79 
835 1130 1090 3.98 
836 1000 1030 6.73 
837 990 1010 3.20 
838 1080 1080 5.74 
840 990 980 3.79 
841 980 1020 3.71 
842 940 950 2.62 
843 1060 1060 4.22 . 
844 980 980 3.36 
845 1050 1050 4.20 
846 1000 1040 3.22 
847 970 970 2.71 
848 1000 960 3jW 
849 980 990 4.04 
850 1010 1030 3.41 
851 1080 1080 5.99 
852 1010 1030 3.28 
853 980 980 3.24 
854 1000 1010 4.53 
855 1000 970 3.60 
856 1020 1060 4.57 
857 1300 1260 &62 
858 1160 1080 5.90 
859 970 1000 4.08 
860 930 940 2.81 
861 980 980 3.02 
862 1000 1020 3.23 
863 1010 1040 4.20 
864 1020 1010 3.96 
865 990 980 3.49 
866 980 1020 3.74 
867 1060 1030 4.45 
868 980 1030 3.25 • 
869 1050 1020 4.73 
870 1010 1020 4.00 
871 1070 1080 4.72 
872 950 980 2.20 
873 1110 1140 
874 1030 1020 4.45 
875 980 1020 4.90 
876 1050 1040 3.98 
877 1050 1020 3.88 
878 890 920 3.65 
879 1000 1020 4.23 
880 1100 1040 5.61 
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Regression Analysis for %Fat Prediction: 
SAS Program and Results 
/»+++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++,  
* SAS PROGRAM FOR STATISTICAL ANALYSIS OF SPECTRAL PARAMETERS 
* AND REGRESSION MODEL FOR '/.FAT PREDICTION 
* 
* 
* WRITTEN BY; VIREN R. AMIN 
* BIOMEDICAL ENGINEERING, IOWA STATE UNIVERSITY 
* 
* File: mregl-S6.sas 
* Original date: June 25, 1992 
* Last update: July 03, 1992 
* 
* /  
* READ THE DATA FILE; 
DATA RawData; 
* set the input and output files; 
IHFILE 'SHOME/sasuser/Data/spect-all.dat'; 
* PROC PRINTTO PRINT = '$HOME/sasuser/spect.sasprn'; 
* LOG = '$HOME/sasuser/spect.log'; 
* read the titles only once; 
IF _N_=1 THEN INPUT Tl$ T2$ T3$ T4$ TS$ T6$ T7$; 
* read tissue-sample information; 
INPUT SampleID$ MarbUSDA MarblSU Fat; 
* for every tissue-sample, read 30 scans; 
DO i = 1 to 30; 
INPUT No LF Fc HF BW PwrlnBW MSEinBW; 
output ; 
RETAIN SamplelD MarbUSDA MarblSU Fat ; 
END; 
* DEFINE GRADES FROM MARBLING SCORES ; 
* NOTE: For using the format, place after the format variable; 
* e.g., FORMAT MarbUSDA Grade6f.; 
PROC FORMAT; 
VALUE GradeSF 0-0899 = 'Standard ' 
900-0999 = 'Select ' 
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1000-1099 = 'Choice LOW ' 
1100-1199 = 'Choice AVG ' 
1200-1299 = 'Choice HIGH' 
1300-2000 = 'Prime ' 
VALUE Grade4F 0-0899 = 'Standard' 
900-0999 = 'Select ' 
1000-1299 = 'Choice ' 
1300-2000 = 'Prime ': 
* CREATE NEW DATA SET WITH MEANS ; 
* ; 
PROC MEANS NOPRINT; 
BY SamplelD NOTSORTED; 
VAR MarbUSDA MarblSU Fat LF Fc HF BW PwrlnBw MSEinBW ; 
•create dataset with marb, fat, mean, std, eind stderr values; 
OUTPUT OUT=MeanData 
MEAN=MarbUSDA MarblSU Fat MeanLF MeanFc MeanHF MeanBW MeanPwr MeemMSE 
STD=juiikl junk2 jtmkS StdLF StdFc StdHF StdBW StdPwr StdMSE 
STDERR=jtmkl junk2 junkS ErrLF ErrFc ErrHF ErrBW ErrPwr ErrMSE; 
/* 
PROC SORT; BY MarbUSDA; 
* print sum for selected barplots; 
PROC PRINT DATA=KeanData NQOBS; * UNIFORM; 
BY MarbUSDA; 
FORMAT MarbUSDA Grade4F.; 
VAR MeanFc MeanBW ErrFc ErrMSE; 
SUM MeanFc MeanBW ErrFc ErrMSE; SUMBY MarbUSDA; 
RUN; 
*/ 
'* 
PROC FREQ; 
TABLES MarbUSDA; 
FORMAT MarbUSDA Grade4F.; 
RUN; 
*/ 
/* 
PROC PLOT; 
FORMAT MarbUSDA Grade4F.; 
PLOT MeanFc*MarbUSDA 
MeanPwr*MarbUSDA; 
*/ 
73 
/• 
PROC CORR; 
VAR HarbUSDA MarblSU Fat 
MeanLF MeanFc MeanHF 
StdLF StdFc StdHF 
ErrLF ErrFc ErrHF 
*/ 
/* 
PROC STEPWISE; 
MODEL Fat = MeanLF MeanFc MeanHF MeanBW MeanMSE 
ErrLF ErrFc ErrHF ErrBW ErrPwr ErrMSE 
StdLF StdFc StdHF StdBW StdPwr StdMSE 
/FORWARD 
INCLUDE =3; 
*/ 
PROC GLM DATA=MeanDATA; 
•CLASS MarblSU; FORMAT MarblSU Grade4F.; 
MODEL Fat = MeanHF MeanBW MeanPwr MeanMSE 
StdFc StdPwr /*StdMSE*/ 
/*MeanHF*MeanHF*/ MeanHF*MeanBW MeanHF+MeanPwr MeanHF*MeanMSE 
MeanHF*StdFc MeanHF*StdPwr MeanHF*StdMSE 
/*MeanBW*MeanBW*/ MeanBW*MeanPwr MeanBW*MeanMSE 
/*MeanBW*StdFC*/ MeanBW*StdPwr MeanBW*StdMSE 
MeanPwr*MeanPwr /*MeanPwr*MeanMSE*/ 
/*MeanPwr*StdFc MeanPwr*StdPwr*/ MeêaiPwr*StdMSE 
/*MeanMSE*MeanMSE*/ 
MeanMSE*StdFc /*MeaiiMSE*StdPwr*/ MeêinMSE*StdMSE 
/*StdFc*StdFc StdFc*StdPwr StdFc*StdMSE*/ 
/*StdPwr*StdPwr StdPwr*StdMSE*/ 
/*StdMSE*StdMSE*/ ; 
OUTPUT OnT=PP P=YPRED; 
PROC PLOT DATA=PP; 
PLOT YPRED*Fat; 
MeanBW MeanPwr MeanMSE 
StdBW StdPwr StdMSE 
ErrBW ErrPwr ErrMSE; 
RUN; 
* 
74 
* 
* 
* 
* 
* File: mregl-56.sasout 
* 
SAS OUTPUT FOR REGRESSION ANALYSIS 
WITH COEFFICIENTS OF LINEAR REGRESSION MODEL 
FOR '/.FAT PREDICTION 
* /  
The SAS System 22:48 Thiirsday, July 23, 1992 
General Linear Models Procedure 
Number of observations in data set 49 
Dependent Variable: FAT 
Source OF 
Model 20 
Error 28 
Corrected Total 48 
R-Square 
Source 
0.559887 
DF 
Sum of 
Squares 
32.6626088 
25.6752034 
58.3378122 
C.V. 
23.10505 
Mean 
Square 
1.6331304 
0.9169716 
Root MSE 
0.95759 
F Value 
1.78 
Type I SS Mean. Square F Value 
Pr > F 
0.0785 
FAT Mean 
4.14449 
Pr > F 
MEANHF 1 3 .10200272 3 .10200272 3 CO
 
00
 
0 .0765 
MEANBW 1 1 .14638568 1 .14638568 1 .25 0 .2730 
MEANPWR 1 0 .74682765 0 .74682765 0 .81 0 .3745 
MEANMSE 1 0 .77355782 0 77355782 0 .84 0 .3662 
STDFC 1 3 68216181 3 68216181 4 02 0 0548 
STDPWR 1 0 61712662 0 61712662 0 67 0 4189 
MEANHF*MEANBW 1 0 .16019223 0 16019223 0 17 0 6792 
MEANHF*MEANPWR 1 6 46391779 6 46391779 7 05 0 0129 
MEANHF*MEANMSE 1 1 19768408 1 19768408 1 31 0 2628 
MEANHF*STDFC 1 0 75054345 0 75054345 0 82 0 3733 
MEANHF*STDPWR 1 3 98924734 3 98924734 4 35 0 0462 
MEANHF*STDMSE 1 1 73383519 1 73383519 1 89 0 1800 
MEANBWKMEANPWR 1 0 35593411 0 35593411 0 39 0 5383 
MEAKBM*MEANMSE 1 3 46077145 3 46077145 3 77 0 0622 
MEANBW+STDPWR 1 1 41148847 1 41148847 1 54 0 2250 
MEANBW*STDMSE 1 0 23531456 0 23531456 0 26 0 6164 
MEANPWR+MEANPWR 1 0 47871655 0 47871655 0 52 0. 4760 
l O  
MEANPWR*STDMSE 
MEANMSE*STDFC 
MEANMSE+STDMSE 
0.01406821 
1.45157692 
0.89125619 
0.01406821 
1.45157692 
0.89125619 
0 . 0 2  
1.58 
0.97 
0.9023 
0.2187 
0.3326 
Source DF Type III SS Mean Square F Value Pr > F 
MEANHF 1 2 .85021503 2 .85021503 3 .11 0 .0888 
HEANBW 1 0 .76634087 0 .76634087 0 .84 0 .3684 
MEANPWR 1 1 .43087522 1 .43087522 1 .56 0 .2219 
MEANMSE 1 2 .27228569 2 .27228569 2 .48 0 .1267 
STDFC 1 0 .23378185 0 .23378185 0 .25 0 .6176 
STDPWR 1 4 .74982213 4 .74982213 5 .18 0 .0307 
MEANHF«MEA!IBW 1 2 .38915892 2 38915892 2 .61 0 .1177 
MEANHF*MEAIfPWR 1 3 .89927379 3 89927379 4 25 0 .0486 
MEAMHF*MEANMSE 1 5 53434708 5 53434708 6 04 0 0205 
MEANHF*STDFC 1 0 53744812 0 53744812 0 59 0 4503 
MEANHF*STDPWR 1 1 83079712 1 83079712 2 00 0 1687 
MEANHF*STDMSE 1 0 43824205 0 43824205 0 48 0 4951 
MEANBW*MEAKPWR 1 2 93181709 2 93181709 3 20 0 0846 
MEANBW*MEAIIMSE 1 4 17598493 4 17598493 4 55 0 0417 
MEANBW+STDPWR 1 0 66358624 0 66358624 0 72 0 4022 
MEANBWKSTDMSE 1 0 19833388 0. 19833388 0 22 0 6455 
MEANPWR+MEANPWR 1 0. 92431884 0. 92431884 1 01 0 3240 
MEAMPWR*STDMSE 1 0. 00564235 0. 00564235 0. 01 0. 9380 
MEAIIMSE*STDFC 1 1. 66044136 1. 66044136 1. 81 0. 1892 
MEANMSE*STDMSE 1 0. 89125619 0. 89125619 0. 97 0. 3326 
Parameter Estimate 
T for HO: 
Parameter=0 
Pr > III Std Error of 
Estimate 
INTERCEPT 32 .07048223 2 .51 0 .0182 12 .78095463 
MEAWHF -40 .04225483 -1 .76 0 .0888 22 .71211837 
MEANBW 23 .58916925 0 .91 0 .3684 25 .80355729 
MEANPWR -0 .91092320 -1 .25 0 .2219 0 .72922041 
MEANMSE -0 .83784249 -1 .57 0 .1267 0 .53224164 
STDFC 1, .65370719 0 .50 0 .6176 3 .27514968 
STDPWR -2 .05988803 -2 .28 0 .0307 0 .90507146 
MEANHF*MEANBW 2, .32870150 1 .61 0, .1177 1, .44267742 
MEANHF*MEANPWR 2. 20612816 2 .06 0. 0486 1. 06983501 
MEANHF*MEANMSE 2. 66407217 2. 46 0, .0205 1. 08440302 
MEANHF*STDFC 3. 05437928 0. ,77 0. 4503 3. 98963001 
MEAKHF*STDPWR 2. 61642017 1. 41 0. 1687 1. 85167733 
MEANHF*STDMSE -1. 13889416 -0. 69 0. 4951 1. ,64741977 
MEANBW*MEANPWR -2. 02116564 -1. 79 0. 0846 1. 13034600 
MEANBW*MEANMSE -2. 40877940 -2. 13 0. 0417 1. 12874411 
MEANBW*STDPWR -1. 67840900 -0. 85 0. 4022 1. 97299981 
MEANBW*STDMSE 0. 86125283 0. 47 0. 6455 1. 85186850 
76 
MEANPWR»MEAHPWR 
MEANPWR»STDMSE 
MEAHMSE*STDFC 
MEANMSE*STDMSE 
-0.01087182 
-0.00387019 
-0.46207282 
0.01982191 
-1.00 
- 0 . 0 8  
-1.35 
0.99 
0.3240 
0.9380 
0.1892 
0.3326 
0.01082852 
0.04933783 
0.34338126 
0.02010584 
Plot of yPRED*FAT. Legend: A = 1 obs, B = 2 obs, etc. 
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Discriminant Analysis for Classification of Marbling Grades 
SAS Program and Results 
* SAS PROGRAM FOR DISCRIMINANT ANALYSIS OF SPECTRAL PARAMETERS 
* AND CLASSIFICATION OF MARBLING GRADES 
* 
* 
* WRITTEN BY: VIREN R. AMIN 
* BIOMEDICAL ENGINEERING, IOWA STATE UNIVERSITY 
* 
* File: disc-lOvar.sas 
* Original date: June 25, 1992 
* Last update: July 03, 1992 
* 
*/ 
* READ THE DATA FILE; 
DATA RawData; 
* set the input and output files; 
INFILE '$HOME/sasuser/Dat a/spect-all.dat'; 
* PROC PRIÏITTO PRINT = ' SHOME/sasuser/spect.saspm'; 
* LOG = '$HOME/sasuser/spect.log'; 
* read the titles only once; 
IF _N_=1 THEN INPUT Tl$ T2$ T3$ T4$ TS$ T6$ T7$; 
* read tissue-sample information; 
INPUT SampleID$ MarbUSDA MarblSU Fat; 
* for every tissue-scunple, read 30 scans; 
DO i = 1 to 30; 
INPUT No LF Fc HF BW PwrlnBW MSEinBW; 
output ; 
RETAIN SamplelD MarbUSDA MarblSU Fat; 
END; 
* DEFINE GRADES FROM MARBLING SCORES; 
* NOTE: For using the format, place 'after the format variable; 
* e.g., FORMAT MarbUSDA Grade6f.; 
PROC FORMAT; 
VALUE GradeBF 0-0899 = 'Standard ' 
900-0999 = 'Select ' 
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1000-1099 = 'Choice LOW ' 
1100-1199 = 'Choice AVG ' 
1200-1299 = 'Choice. HIGH' 
1300-2000 = 'Prime '; 
VALUE Grade4F 0-0899 = 'Standard' 
900-0999 = 'Select ' 
1000-1299 = 'Choice ' 
1300-2000 = 'Prime '; 
VALUE MarbSF 0-0799 = 'Practically Devoid 
800-0899 = 'Traces 
900-0999 = 'Slight 
1000-1099 = 'Small 
1100-1199 = 'Modest 
1200-1299 = 'Moderate 
1300-1399 = 'Slightly Abundent 
1400-2000 = 'Moderately Abundent 
* CREATE NEW DATA SET WITH MEANS; 
PROC MEANS NOPRINT; 
BY SamplelD NOTSORTED; 
VAR MarbUSDA MarblSU Fat LF Fc HF BW PwrlnBw MSEinBW ; 
•create dataset with marb, fat, mean, std, and stderr values; 
OUTPUT OUT=MeanData 
MEAN=MarbUSDA MarblSU Fat MeanLF MeanFc MeanHF MeanBW MeanPwr MeanMSE 
STD=juiikl jiink2 junkS StdLF StdFc StdHF StdBW StdPwr StdMSE 
STDERR=junkl junk2 junkS ErrLF ErrFc ErrHF ErrBW ErrPwr ErrMSE; 
PROC SORT; BY MarbUSDA; 
/* 
PROC FREQ; 
TABLES MarbUSDA; 
FORMAT MarbUSDA Grade4F.; 
RON; 
*/ 
I *  
PROC PLOT; 
FORMAT MarbUSDA Grade4F.; 
PLOT MeanFc*MarbUSDA 
MeanPwr+MarbUSDA; 
*/ 
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/* 
PROC CHART; 
FORMAT MarbUSDA Grade4F.; 
* VBAR MarbUSDA; 
VBAR MarbaSDA/SUMVAR=MeanFC TYPE=MEAN; 
* VBAR MArbUSDA/SUMVAR=MeaiiBW TYPE=HEAN; 
* VBAR MarblJSDA/SUMVAR=Fat type=mean; 
•/ 
/* 
PROC CORR; 
VAR MarbUSDA HarblSU Fat 
MeemLF MeanFc MeanHF HeanBW MeanPwr MeanMSE 
StdLF StdFc StdHF StdBW StdPwr StdMSE 
ErrLF ErrFc ErrHF ErrBW ErrPwr ErrMSE; 
*/ 
/* Define the Training/Testing datasets; 
* For training/testing pairs, 
* run the procedure twice with TrainD emd TestD datasets 
*/ 
DATA TrainD; 
SET MeanDATA (FIRST0BS=1 QBS=10 DROP=junkl junk2 junkS); 
OUTPUT; 
SET MeanDATA (FIRST0BS=2S 0BS=49 DROP=junkl junk2 junkS); 
OUTPUT; 
DATA TestD; 
SET MeanDATA (FIRST0BS=11 0BS=24 DROP=junkl junk2 junkS); 
OUTPUT ; 
PROC DISCRIM DATA=MeanData POOL=TEST LIST OUT=CalData; 
CLASS MarbUSDA; FORMAT MarbUSDA Grade4F.; 
ID SamplelD; 
•prior probability proportional to seunple size (default=equal); 
•PRIORS PROPORTIONAL; • Standard=.l Select=.4 Choice=.4 Prime=.1 ; 
VAR. MeanLF MeanFc MeanHF MeanBW MeainMSE 
ErrFc ErrHF ErrBW ErrPwr ErrMSE; 
• StdFc StdHF StdBW StdPwr StdMSE; 
TITLE2 Classification of Spectral Data into 4 Grades; 
RUN; 
* 
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* SAS OUTPUT FOR DISCRIMINANT ANALYSIS 
* WITH LINEAR DISCRIMINANT FUNCTION AND CLASSIFICATION,RESULTS 
* 
* File: disc-lOvar.sasout 
* 
* /  
The SAS System 10:11 Monday, July 6, 1992 725 
Classification of Spectral Data into 4 Grades 
Discriminant Analysis 
49 Observations 
10 Variables 
4 Classes 
48 DF Total 
45 DF Within Classes 
3 DF Between Classes 
Class Level Information 
MARBUSDA 
Choice 
Prime 
Select 
Standard 
Output 
SAS Name 
CHOICE 
PRIME 
SELECT 
STANDARD 
Frequency 
31 
1 
16 
1 
Weight Proportion 
31.0000 
1.0000  
16 .0000  
1 .0000  
0.632653 
0.020408 
0.326531 
0.020408 
Prior 
Probability 
0.250000 
0.250000 
0.250000 
0.250000 
Discriminant Analysis 
Covariance 
Matrix Rank 
Pooled Covariance Matrix Information 
Natural Log of the Determinant 
of the Covariance Matrix 
10 -53.813137 
Discriminant Analysis 
Pairwise Generalized Squared Distances Between Groups 
2  _  _  - 1  _  _  
D (ilj) = (X - X )' COV (X - X ) 
i j i j 
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From 
MARBOSDA 
Generalized Squared Distance to MARBUSDA 
Choice Prime Select Standard 
Choice 
Prime 
Select 
Standard 
16.22585 
1.06047 
15.58570 
16.22585 
0 
12.89037 
38.78246 
1.06047 
12.89037 
0 
13.57632 
15.58570 
38.78246 
13.57632 
0 
Discriminant Analysis Linear Discriminant Function 
- 1  _  - 1  _  
Constant = -.5 X' COV X Coefficient Vector = COV X 
j 3 j 
MARBUSDA 
CONSTANT 
MEANLF 
MEANFC 
MEANHF 
MEANBW 
MEANMSE 
ERRFC 
ERRHF 
ERRBW 
ERRPWR 
ERRMSE 
Choice 
-131.09710 
-60582 
57.33345 
60584 
—60568 
4.38700 
-23.54163 
707.66300 
-522.87507 
63.00658 
11.41028 
Prime 
-140.79309 
-73436 
47.47636 
73458 
-73441 
4.51348 
-19.50940 
379.96485 
-212.49083 
49.25190 
19.48516 
Select 
-133.25381 
-64282 
55.58921 
64288 
-64270 
4.40543 
-22.68889 
633.92694 
-468.13979 
59.34344 
12.60288 
Standard 
-147.26753 
-65512 
68.40921 
65481 
-65460 
4.66740 
-25.94414 
978.79757 
-873.68925 
66.58611 
8.23774 
Classification Results for Calibration Data: WORK.MEANDATA 
Resubstitution Results using Linear Discriminant Function 
Posterior Probability of Membership in MARBUSDA 
SAMPLEID From Classified 
MARBUSDA into MARBUSDA Choice Prime Select Standard 
b878 Standcird Standard 0 .0004 0 .0000 0 .0011 0 .9985 
b860 Select Select 0 .2109 0 .0002 0 .7748 0 .0141 
b842 Select Select 0 .0753 0 .0036 0 .9201 0, .0009 
b872 Select Select 0, .2946 0, .0048 0, .6995 0. 0011 
b847 Select Choice * 0, .6690 0, .0482 0. 2824 0. 0004 
b859 Select Standard * 0. 0100 0. 0000 0. 0297 0. 9602 
b841 Select Select 0. 4638 0. 0224 0. ,5138 0. 0000 
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b844 Select Select 0 .3312 0 .0035 0 .6652 0 .0000 
b849 Select Choice » 0 .7000 0 .0008 0 .2981 0 .0010 
b853 Select Select 0 .2014 0 .0020 0 .7965 0 .0001 
b866 Select Select 0 .4733 0 .0001 0 .5245 0 .0021 
b868 Select Select 0 .3824 0 .0001 0 .6100 0 .0076 
b875 Select Choice » 0 .5975 0 .0000 0 .3025 0 .0000 
b861 Select Choice * 0 .8861 0 .0000 0 .1138 0 .0000 
b837 Select Select 0 .1851 0 .0001 0 .7972 0 .0175 
b840 Select Select 0 .1552 0 .3134 0 .5314 0 .0000 
b865 Select Select 0 .1274 0 .0262 0 .8463 0 .0001 
b846 Choice Prime * 0 .0590 0 .8108 0 .1300 0 .0001 
b848 Choice Choice 0 .4936 0 .0000 0 .0648 0 .4416 
b854 Choice Choice 0 .6191 0, 0001 0 .3799 0, 0009 
b855 Choice Select * 0 .4504 0 .0229 0 .5267 0 .0000 
b836 Choice Choice 0 .7924 0 ,0000 0 .2073 0, 0002 
b862 Choice Select * 0, .2999 0, .0000 0 ,6911 0, 0090 
b833 Choice Choice 0 .4735 0 ,2834 0 .2431 0, 0000 
b852 Choice Choice 0, .8277 0, 0000 0 ,1723 0, 0000 
b870 Choice Choice 0. 6757 0 .0000 0 .3242 0, 0000 
b850 Choice Select * 0. 3172 0, 0070 0 ,6756 0, 0001 
b863 Choice Select * 0. 2120 0. 0000 0, 5985 0, 1895 
b834 Choice Choice 0. 8959 0, 0000 0 ,1041 0 ,0000 
b856 Choice Choice 0. 8452 0, .0008 0, 1540 0, .0000 
b864 Choice Choice 0. 5917 0. 0000 0, .4081 0. 0002 
b874 Choice Choice 0. 6256 0. 0002 0, 2978 0, .0764 
b832 Choice Select * 0. 4146 0. 0013 0, .5839 0. 0002 
b845 Choice Choice 0. 5583 0. 0421 0. 3995 0, .0000 
b869 Choice Choice 0. 7113 0. 0014 0, .2872 0, .0001 
b876 Choice Choice 0. 7013 0. 0000 0, .2964 0. 0023 
b877 Choice Choice 0. 5800 0. 0001 0, .4198 0. 0001 
b843 Choice Choice 0. ,6754 0. 0059 0. 3188 0. 0000 
b867 Choice Choice 0. ,5979 0. ,0017 0. 3999 0. ,0006 
b831 Choice Choice 0. ,7123 0. ,0001 0. 2876 0. 0000 
b871 Choice Choice 0. ,5516 0. ,0007 0. 4475 0. 0003 
b851 Choice Choice 0. ,9299 0, 0000 0. 0664 0, .0037 
b838 Choice Select * 0. ,3611 0, 0000 0. 5924 0. 0465 
b8S0 Choice Choice 0. ,7938 0. ,0000 0. ,2062 0, ,0000 
b830 Choice Choice 0. 6302 0. 0001 0, 3696 0. 0000 
b839 Choice Choice 0. 5773 0. 0001 0. 4226 0. 0000 
b873 Choice Choice 0. ,6037 0, 0000 0. 3820 0. ,0143 
b835 Choice Select * 0. 2684 0. 0037 0. 6846 0. 0433 
b857 Prime Prime 0. ,0003 0. ,9981 0. 0016 0. ,0000 
* Misclassified observation 
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Classification Summary for Calibration Data: WORK.MEANDATA 
Resub'stitution Summary using Linear Discriminant Function 
Generalized Squared Distance Function: 
2  - 1  _  
D (X) = (X-X )' COV (X-X ) 
j j j 
Posterior Probability of Membership in each HARBUSDA: 
2 2 
Pr(jlX) = exp(-.S D (X)) / SUM exp(-.5 D (X)) 
j k k 
Number of Observations and Percent Classified into MARBUSDA: 
From MARBUSDA 
Choice 
Prime 
Select 
Standard 
Total 
Percent 
Priors 
Choice 
23 
74.19 
0 
0 . 0 0  
4 
25.00 
0 
0 . 0 0  
27 
55.10 
0.2500 
Prime 
1 
3.23 
1 
100 .00  
0 
0 . 0 0  
0 
0 . 0 0  
2 
4.08 
0.2500 
Select 
7 
22.58 
0 
0 . 0 0  
11 
68.75 
0 
0 . 0 0  
18 
36.73 
0.2500 
Standard 
0 
0 . 0 0  
0 
0 . 0 0  
1 
6.25 
1 
1 0 0 . o o  
2 
4.08 
0.2500 
Total 
31 
100 .00  
1 
1 0 0 . 0 0  
16 
100 .00 
100 .00  
49 
100.00  
Classification Summary for Calibration Data: WORK.MEAHDATA 
Resubstitution Summary using Linear Discriminant Function 
Error Count Estimates for MARBUSDA: 
Choice Prime Select Standard Total 
Rate 0.2581 0.0000 0.3125 0.0000 0.1426 
Priors 0.2500 0.2500 0.2500 0.2500 
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GENERAL SUMMARY 
The first part of this dissertation presented the work on tissue mimicking phan­
toms for ultrasonic imaging purposes. A method of constructing soft tissue mimicking 
materials with desired ultrasonic properties was developed. Several materials in dif­
ferent proportions were tried in preliminary experiments for their usefulness as tissue 
mimicking phantoms. An optimum combination was then derived for the.ultrasonic 
properties (velocity, attenuation and backscatter) in the ranges for soft-tissues. 
The second part presented encouraging results on ultrasonic beef grading re­
search. This report described efforts in ultrasonic evaluation of fat marbling in the 
rib-eye muscle of beef carcass. The development of a regression model for prediction 
of %fat was discussed. Also, a new approach for developing a pattern recognition 
model for classifying the grades of marbling was presented. A simple but accurate 
classification scheme using linear discriminant analysis has been derived for assigning 
the marbling grades to the rib-eye samples. This scheme employed easily calculated 
parameters from the spectrum of the backscattered ultrasonic signal. 
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APPENDIX 
An additional feasibility study about an application of artificial neural network 
for ultrasonic tissue characterization was undertaken with colleagues. As an extension 
to a pattern recognition approach presented in the second paper of this dissertation, 
ultrasonic backscattered spectral data were presented to. the artificial neural network 
and accuracy in classifying marbling grades was studied. This work was presented at 
the Institute of Electrical and Electronic Engineers (IEEE) 1992 Nuclear Science Sym­
posium and Medical Imaging Conference, Orlando, Florida (October 25-31, 1992). A 
paper to be published (by December, 1992) in the proceedings of this conference is 
included in this Appendix. 
©1992 IEEE. Reprinted, with permission, from Proceedings of the 
IEEE 1992 Nuclear Science Symposium and Medical Imaging Conference; 
October 25 - 31, 1992; Orlando, Florida. 
Application of Neural Network to Ultrasound Tissue Characterization 
. Using Backscattered Signal Parameters 
Viren R. Amin, Vince J. Doerr, Arul P. R., and David L. Carlson 
Biomedical Engineering Department, Iowa State University 
1132 Veterinary Medicine, Ames, Iowa 50011 
Abstract 
Ultrasonic techniques have shown good potential for estimating tissue composition for non-invasive 
ima^g, diagnosis, and meat evaluation. The purpose of this research was to define useful ultrasonic 
spectral parameters for tissue characterization, and to test multi-parameter pattern recognition methods for 
tissue classification. Feasibility of two pattern recognition methods, linear discriminant analysis and 
artificial neural network, were studied for their applications to beef quality grading. The differentiating 
criteria were the tissue composition (%fat) and the tissue inhomogeneity (fat marbling). 
INTRODUCTION 
A variety of experimental ultrasonic techniques have been used to characterize tissues according to their 
acoustic properties. Efforts by researchers are in progress to develop the ultrasonic tools as objective 
methods of evaluating tissue composition for imaging and diagnosis. The tissue properties such as degree 
of inhomogeneity and scatterer type (e.g., fat or collagen), as well as scatterer size, density, and distribution, 
all affect the nature of the ultrasonic backscattered signal. Quantitative and qualitative parameters of 
ultrasound-tissus interactions, such as velocity, attenuation, and scattering, may be derived from A-mode 
signals or B-mode images. Spectral analysis of the backscattered signal has been shown to be an effective 
tool for estimating tissue properties (e.g., [1] and [2]). 
The usefulness of a parameter (or feature) of the signal depends on its information content and how 
sensitive and specific the feature is to the differentiation or characterization problem in question. 
Approaches using more than one parameter from ultrasonic backscattered signals have shown some 
success in tissue characterization and classification (e.g., [3] for liver pathology and [4] for breast tumors). 
Our application of this approach was to determine the composition of animal tissues, and specifically, to 
classify marbling (content and distribution) of intramuscular fat in beef for quality grading. Commercially 
available beef is assigned a quality grade by a USDA (United States Department of Agriculture) certified 
grader, based on the level of the marbling as seen on the cut section of the longissimus dorsi (rib-eye) 
muscle between 12th and 13th ribs. Four commercially available grades, from high to low marbling, are 
Prime, Choice, Select, and Standard. This grading system has been developed to identify the characteristics 
of the meat which are associated with its palatability in terms of tenderness, flavor, and juiciness. 
Feasibility of two pattern recognition methods, linear discriminant analysis and artificial neural network, for 
this application were studied. The rib-eye muscle samples were characterized for %fat and the marbling 
scores, based upon their ultrasonic properties. 
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MATERIALS AND METHODS 
Instrumentation 
A computerized ultrasonic data acquisition system was used in a pulse/echo mode with a 2.25 MHz 
wideband (-12 dB bandwidth from 0.75 MHz to 3.0 MHz), weakly focused (focus at 7.62 cm.) transducer 
for tissue scanning. For every tissue sample, 64 uncorrelated A-lines were acquired (at 20 MHz sampling 
frequency) by precise lateral movement of the transducer under computer control. The signals were stored 
and processed on computer workstations. 
Tissue samples 
The longissimus dorsi (rib-eye) muscle, between 12th and 13th ribs, from 200 beef carcasses was cut in 
about 20 by 30 by 4 cm section, vacuum sealed in plastic bag, and stored at 0 degree C. This report includes 
results of the first set of 49 samples. The carcasses were evaluated earlier by two USDA certified graders 
to determine the marbling scores. The %fat in the opposite side rib-eye sections were chemically estimated 
by ether extraction method. The scanning was done a week after slaughter, in a water tank with 
temperature maintained between 0 and 5 degree C. 
Ultrasonic signal processing 
For each tissue sample, 30 (out of 64) A-lines were processed. From each A-line, a 256 data-point 
segment (from about 10 mm of the tissue) at the focus was extracted and power spectrum was calculated by 
the Fast Fourier Transform with Harming windowing. The spectrum was smoothed by so called cepstral 
filtering and six parameters were then calculated. Four frequency parameters were: 12dB cutoff low 
frequency (Fl); high frequency (Fh); bandwidth (BW); and center frequency (Fc), calculated as first 
moment within the BW. Two power parameters were average power (Pa) or normalized integrated power 
within the BW and smoothing error (SE) or mean square error between the raw- and the smoothed-
spectrum within BW. 
The mean and standard error (a measure of variance) of each parameter over 30 A-lines were 
calculated, giving 12 parameters as elements of an ultrasonic tissue signature for each rib-eye sample. They 
were further processed by statistical methods to select parameters of good correlation with the marbling 
score or the %fat. The selected parameters were fed into two classification methods - linear discriminant 
analysis and artificial neural network. 
Statistical Unear discrinûnant anafysis 
Fisher's linear discriminant analysis technique [5] was used to classify the tissue marbling grades on the 
basis of their ultrasonic tissue sigfxatures. This analysis scheme selects coefficients of linear combination of 
the parameters such that the ratio of between-group variance and within-group variance is maâmized. The 
classification accuracy was calculated as probability of mis-classification [5]. In the so called empirical 
method, all 49 tissue signatures were used for deriving and testing the discriminant model. Application of 
the model for prediction of the grades was tested with so called cross-validation method, which used two 
randomly split sets of the samples for deriving (with 75 % samples) and testing the model. 
Artifidal neural network 
A multi-layer perceptron artificial neural network (NN), with fully inter-connected, feed forward 
configuration and backpropagation training [6] was developed. Ten spectral parameters (from each rib-eye 
sample) were linearly scaled between 0 and 1, and then input into the NN and trained for low or high 
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marbling classes. Also, a similarly configured NN was developed for two classes of the % fat; less than 
3.8% and greater than 4.2%. Both the empirical and cross-validation methods were used as measures of 
goodness of the classification. 
RESULTS AND DISCUSSION 
The marbling scores for 49 rib-eye samples ranged from 890 to 1300, giving one sample as Standard 
(less than 900), 16 as Select (900 - 990), 31 as Choice (1000 -1290), and one as Prime (1300 - 1390). The 
ether extract %fat (EEF) values ranged from 2.2% to 8.62%. There was a linear relationship between the 
marbling score and the EEF with good correlation (corr. coeff. = 0.75 and p<0.05). 
The significant spectral parameters (p<0.1) for correlations with %fat and marbling scores were Fc, Fh, 
BW, SE, errFc, errFh, errBW, errPa, and errSE. Although no single parameter was able to predict the 
marbling score to any acceptable accuracy, different trends were seen in the relationship between some of 
the parameters and the tissue grades. Figure 1 shows such trends for the Fc and the errSE. Such 
information was useful in selecting the parameters for developing classification schemes. 
Std. Err. of Spectral Smoothing Center Frequency (Fc) I . .    
III! W 
Standard Select Choice Prime Standard Select Choice Prime 
Figure 1: Changes in Fc and errSE with marbling grades. 
The frequency p^ameters are considered more or less indirect measures of frequency dependent 
attenuation and backscatter. Increasing the fat content of the tissues disperses more ultrasonic energy, 
causing higher attenuation. The normalized power within the BW provides information about the apparent 
backscatter transfer function (with respect to the plain reflector) and relative attenuation of the samples. 
The spectral modulation parameter (SE) can be visualized as a measure of inhomogeneity, or the degree of 
marbling, of the tissue. 
Classification by the discriminant analysis 
The result of the empirical method of classification is shown in Table 1. (Since out of 49 samples only 
one sample each was Prime and Standard, the results for these two grades are not significant. They are not 
included into the tables or discussion following this.) The classification accuracy was 69% for Select and 
74% for Choice. Overall cost of mis-classification was less since none of the mis-classified samples was 
assigned a grade beyond the nearest grade (i.e., from Select to Prime). The mis-classification of Choice to 
Select (and vice versa) was not very surprising because of two reasons. First, most of the Choice samples 
were low or rriedium Choice, so the nearest grade was Select. Second, some of the samples were actually 
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borderline cases between low Choice and Select, as determined by two different grade assignment of these 
samples by different graders. 
The result of one of the randomly selected training/testing sets (the cross-validation method) is shown in 
Table 2. Here, 37 samples were used to derive the discriminant model and then the model was applied to 
the remaining 12 samples. Sixty seven percent Select and 100% Choice samples were assigned correct 
grades. The cross-validation method gave 15% to 25% mis-dassification rate, most of the mis-classified 
samples being borderline cases as mentioned above. Thus the scheme seems to be very accurate for 
prediction of the marbling grades. 
Table 1: Classification of the rib-eye into the grades using the discriminant function {empirical method) 
Actual 
Grades 
Predicted Grades 
Standard Select Choice Prime 
Total 
Standard 1 (100%) 0 0 0 1 (2%) 
Select 1 (6%) 11 (69%) 4 (25%) 0 16 (33%) 
Choice 0 7 (23%) 23 (74%) 1 (3%) 31 (63%) 
Prime 0 0 0 1 (100%) 1 (2%) 
Table 2: Prediction of marbling grades using the discriminant function model {cross-validation method) 
Actual Predicted Grades Total 
Grades Select Choice 
Select 6 (67%) 3 (33%) 9 
Choice 0 3 (100%) 3 
Classification by the neural network 
After every 25 training iterations, the NN prediction error was checked for both training and test sets 
(Fig. 2). This allowed us to select the optimum number of iterations, avoiding over-training, for the cross-
validation method. 
0.3 
Testing Data 
Optimum 0.2 
Training Data 
Training Iterations 
Figure 2: Mean square error vs. training iterations for the neural network 
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Table 3 shows the NN results for two classes of marbling grades for 9 samples after training the NN with 
22 samples. (The borderline samples were avoided.) The low (<1000 marbling score) and hi^ (>1040 
marbling score) marbling grades were classified with 80% and 75% accuracy, respectively. Similarly, the 
NN was trained for two classes of %fat using 34 samples and tested using 8 samples. The low (<3.8) and 
hi^ (>4.2) %fat classes were classified with 50% and 75% accuracy, respectively. 
Table 3: Prediction of two marbling classes using the NN 
Actual 
Classes 
Predicted Classes | Total 
< 1000 > 1040 1 
< 1000 4 (80%) 1 (20%) I 5 
> 1040 1 (25%) 3 (75%) 4 
The NN results are encouraging for marbling classes in spite of small size of the training set. In fact, the 
empirical method gave classification accuracy of 87% for the marbling classes and 81% for the %fat classes. 
With a larger data-set, we expect improvement in the classification accuracy. 
CONCLUSION 
The discriminant analysis and neural network both showed good potential for evaluating marbling 
grades and %fat for the beef rib-eye quality grading using ultrasonic backscattered spectral parameters. 
With analysis of all 200 scanned samples, we expect a robust scheme for objectively evaluating the tissue 
composition. 
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